Abstract For nearly 30 years, technologies for more sustainable land use have been developed and promoted in Rwanda. However, these technologies have not been fully adopted. Keeping in mind that the farming population is not homogeneous with respect to socioeconomic variables, this paper typifies farm households in Umutara province based on socio-economic factors influencing the adoption of new technology. A multivariate analysis approach that combines Principal Component Analysis and Cluster Analysis allowed us to identify clearly five types of farm households and their socio-economic characteristics. The main differences between the five farm types relate to gender, age, education, risk perception, risk attitude, labour availability, land tenure and income. The five farm types are characterized by respectively having a female head (26% of the farms), being a tenant (7%), having a male and literate head (32%), having an illiterate head with no off-farm activities (18%), and being a large farm with livestock (17%). The respective farm types appeared to have adopted different types of sustainable technologies to a limited extent. Female-headed households adopted the use of compost and green manure. Young male literate farmers were the only ones using chemical fertilizers. Illiterate and full-time farmers applied fallow, manure and erosion control measures to maintain soil fertility. The use of improved livestock is adopted by large farms.
Introduction
In Rwanda, the population density has risen rapidly over the last 3 decades and is now the highest in Africa, with an average of 380 people per km 2 arable land. Rural densities of more than 700 people per km 2 are no exception (Service National de Recensement 2005) . Sustainable use of natural resources in the face of high population density is critically important, and, consequently, food insecurity is overwhelming for Rwanda. The increasing population pressure on land and water resources leads to the degradation of these resources, which often results in the loss of productive capacity and food insecurity. Rwanda's farmers have responded to the pressure on the use of land and the associated decline in productivity by expanding into the fragile bottomlands and steep slopes. This situation has led to the excessive exploitation of natural resources and increased soil loss due to erosion, and, along with it, declining soil fertility. Research conducted by Stoorvogel and Smaling (1990) revealed that Rwanda has one of the most severe nutrient depletion rates in Africa, with on average −54 kg N, −20 kgP 2 O 5 , and −56 Kg K 2 O ha −1 year −1 . Furthermore, the use of mineral fertilisers is very low (0.4-0.5 Kg arable ha −1 ) due to their high price, which is aggravated 1998). As fertilizer use has hardly increased in the past 20 years (GoR 2002a) the figures on nutrient depletion of Stoorvogel and Smaling (1990) are still valid. For nearly 30 years, research has focused on the development and promotion of low-cost technology, such as agroforestry, fast-growing nitrogen-fixing legumes, the inter-or relay-cropping of green manure, farmyard manure, composting, mulching systems and green manure combined with other fertilisers (Drechsel et al. 1996; Roose and Ndayizigiye 1997; Drechsel and Reck 1998) . However, despite the positive effects of these technologies on nutrient supply, a reduction in soil loss, and an increase in crop yields, fodder and firewood production, their adoption has remained low (Drechsel et al. 1996) . Raquet and Neumann (1995) concluded that according to the experiences of "Projet agro-pastoral" in southern Rwanda, the adoption of new technologies, such as green manure, to improve soil fertility has failed, presumably because new technologies have not matched the socio-economic circumstances of farm households. There is a tendency to assume homogeneity within the farming population, particularly with respect to socio-economic variables (Nkonya et al 1997) . So far, no study has been undertaken in order to analyse the level of homogeneity of farm households from the perspective of the adoption of new technology.
It is known that the adoption of new technology may vary among farm households because of differences in socio-economic characteristics (De Graaff 1996; Leeson et al. 1999; Solano et al. 2000; Mahapatra and Mitchell 2001; Asfaw and Admassie 2004; Somda et al 2005; Milán et al. 2006) . A farm typology study can be used to classify farm households based on socio-economic characteristics that may affect the adoption of new technology. Developing a typology constitutes an essential step in any realistic evaluation of the constraints and opportunities that exist within farm households (Timothy 1994) . Typology studies can therefore be of great importance for exploring the factors that explain the adoption of new technology (Kostrowicki 1977; Mahapatra and Mitchell 2001) . Multivariate statistical techniques allow us to create such typologies, particularly when an in-depth database is available. The combination of Principal Component Analysis for necessary reduction of the number of variables followed by Cluster Analysis to identify typical farm households has been applied before by Gebauer (1987); Jolly (1988) ; Hardiman et al. (1990) ; Solano et al. (2001) ; Köbrich et al. (2003) ; Usai et al. (2006) , and Jansen et al. (2006) . Both methods have proved to be useful but they have their drawbacks. Principal component Analysis leads to loss of information (Jolliffe 1986; Lattin et al. 2005) and Cluster Analysis has the difficulty of choosing the proper number of clusters (Alfenderfer and Blashfield 1984; Everitt 1993 ).
The objective of this paper is to distinguish several farm types in the former Umutara province that might be expected to exhibit different behaviour with regard to the adoption of technology, The focus of study is on socio-economic factors rather than socio-cultural factors as the latter show less variation. The different types of farm households identified should yield key information needed to understand and diagnose problems as well as identify opportunities for change with regard to the adoption of new technology. Moreover, the resulting farm types can be used subsequently in further research as a basis for building mathematical programming models that are representative, similar to those of Köbrich et al. (2003) . For the purpose of this study, a new technology includes any agricultural practice or input that may increase productivity directly or indirectly and which was not yet generally used in the area of study.
The paper is structured as follows: section 2 gives an overview of the determinants affecting the adoption of new technologies, section 3 presents the materials and methods used and section 4 the results and discussion. Conclusions and policy implications are given in section 5.
Determinants of new technology adoption: a review of the literature
The literature on the adoption of new technology is extensive and complex. Since the classic work of Griliches (1957) on the adoption of hybrid corn in the US, efforts to assess the determinants of the adoption of new technology have continued. Two major groups of paradigms have emerged to explain differences in the adoption of new technology: the economic paradigm and the innovation-diffusion paradigm. The economic paradigm posits that the asymmetrical distribution of resource endowments between farmers is the major determinant of differences in adoption behaviour (Adesina and Zinnah 1993) . Upadhyay et al. (2003) distinguish two models within the economic paradigm, namely, the income and the utility models. The income model assumes that farmers are profit maximisers and that technology that increases net returns to farming firms will be adopted (Griliches 1957; Mansfield 1961) . The strength of this approach lies in understanding the role played by one of the major factors that motivate or inhibit new technology, i.e. an increase in income. However, one of the major criticisms of this model is that it fails to recognise heterogeneity among farmer's preferences (Nowak 1987 ). The utility model asserts that producers make adoption decisions based on utility maximisation rather than profit maximisation (Caviglia and Kahn 2001) . In this model, the producer responds to economic factors, such as income, as well as to non-economic factors, such as environmental quality and social benefits.
Many sociologists favour the innovation-diffusion paradigm and follow the earlier work of Rogers (1962) , which has resulted in various concepts, including innovators (that is, early adopters), followers, and laggards. A farm household typology might help to recognise these different groups. This paradigm underlines the role of information, risk factors and the social position of the decision maker in the community. Suitability of technology is taken as a given, and the problem of technology adoption is reduced to communicating information on technology to the potential end users (Ruttan 1996) .
There have been many studies which have examined the factors influencing the adoption of technology by farm households in the light of the economic and innovationdiffusion paradigms. Especially in less developed countries (LDCs), the adoption of new technology in agriculture has attracted considerable attention from economists because the majority of the population derives its livelihood from agricultural production and new technology seems to offer an opportunity to increase production and income substantially (Feder et al. 1985; IFAD 2006) . Literature on technology adoption has frequently stressed the role of different factors, such as farm size, capital and labour availability (economic paradigm); education, risk perception and risk attitude, and land ownership (innovationdiffusion paradigm). The remainder of this section elaborates on these variables.
Farm size
Empirical studies have consistently shown farm size (that is, land area) to be significantly related to the adoption of new technology (Feder et al. 1985; Feder and Umali 1993; Nkonya et al. 1997) . A relatively small farm size impedes an efficient use and adoption of certain types of irrigation equipment, such as pumps and tube wells (Pomp 1994) . Nkonya et al. (1997) have demonstrated that farm size significantly and positively influences the adoption of improved maize seed in a study conducted in northern Tanzania. Jamison and Lau (1982) have established a positive relation between the adoption of fertilisers and farm size in a study of Thai farmers. However, there seems to be a limit to the positive relation between farm size and technology adoption. Sureshwaran et al. (1996) found that the adoption of soil improvement measures on upland farms in the Philippines increased with farm size up to one hectare, after which size was no longer significant.
Farm size can have different effects on the rate of adoption, depending on the characteristics of the technology and the institutional setting. If technology is subject to economies of scale, then large farms will achieve greater profits from innovations than small farms. Several theoretical models of technology adoption, reviewed by Feder et al. (1985) , have revealed that high fixed costs reduce the tendency towards adoption by small farms, while large farms are identified as earlier adopters, as they have more flexibility in their decisionmaking, greater access to discretionary resources, more opportunities to test new technology and an enhanced ability to bear risks associated with early technology adoption (Nowak 1987; Nkonya et al. 1997; Amsalu and De Graaff 2007) . Feder and O'Mara (1982) have noted that, in certain contexts, there may be a lower limit of farm size such that farms smaller than a certain threshold will not adopt new technology.
Education
Empirical evidence suggests a positive relation between education and the adoption of new technology (Ervin and Ervin 1982; Feder and Umali 1993; Mahapatra and Mitchell 2001; Asfaw and Admassie 2004; Tenge et al. 2004; Onu 2006; Rahman 2007 ). According to a review by Asfaw and Admassie (2004) , fertiliser adoption is influenced more by institutional and educational factors than by economic ones. Moreover, in a study conducted in Ethiopia Asfaw and Admassie (2004) found that education is positively and significantly related to the use of improved wheat varieties but not significantly related to the probability of adopting improved wheat. Feder and Slade (1984) found that number of school years and score in a numeracy test of the head of a household were key variables in the ability of farmers to acquire information and, hence, to adopt new technology. Jamison and Moock (1984) found that the adoption of chemical fertiliser is positively correlated with number of school years of the head of household in Nepal. This is consistent with the work conduced in the highlands of Tanzania by Tenge et al. (2004) , who found that 60% of heads of households with a secondary school education adopted soil and water conservation (SWC) measures as compared to only 23% of heads with no formal education. The model developed by Asfaw and Admassie (2004) suggests that the educational level of other adult household members has a stronger impact on fertiliser adoption than the educational level of the head of household. Therefore, the education of other household members should also be considered.
There is consensus that the accumulation of knowledge via education is an important factor for economic development (Asfaw and Admassie 2004) . Educated people are expected to perform certain jobs and functions with higher efficiency and are also more likely to adopt new technologies in a short period of time (Jamison and Moock 1984; Upadhyay et al. 2003) . Adoption studies have taken education as an important explanatory factor in household decision-making.
Risk perception and risk attitude
The scarcity of empirical studies on the relationship between risk and the adoption of new technology is due to difficulties in measuring and observing risk and uncertainty (Feder et al. 1985; Marra et al. 2003) . Empirical attempts to investigate the roles of risk and uncertainty in adoption have been reviewed by Feder et al. (1985) , Feder and Umali (1993) and Marra et al. (2003) . Gafsi and Roe (1979) have shown that in Tunisia, new domestically-developed crop varieties are received more favourably by farmers than unfamiliar imported varieties. A related hypothesis is that exposure to appropriate information through various communication channels reduces subjective uncertainty, as illustrated by O'Mara (1990) with regard to the effect of perceived risk of new varieties of grains on the adoption decisions of Mexican farmers. Feder and Umali (1993) underlined that riskaversion leads a decision maker to diversify in order to reduce income risk, particularly in the absence of economies of scale with respect to the area allocated to the new technology. Kebede et al. (1990) found a positive but non-significant effect of risk-aversion for Ethiopian farmers with regard to the adoption of pesticide and fertiliser technology, which may be due to rainfall irregularities or other unexplained factors.
Risk has been considered a major factor that determines the rate of adoption of new technology (Feder et al 1985; Kebede et al. 1990; Baidu-Forson 1999; Ghadim and Pannell 1999; Marra et al. 2003) . New technology in most cases involves risks, as crop yields are more uncertain with an unfamiliar technology. Risk perception is an endogenous factor, and thus, the implications of risk in terms of farmer decisions may change if the perceptions of farmers change (Feder and O'Mara 1982) . Perceptions of risk related to new technology diminish over time through the acquisition of experience and information (Feder and Umali 1993) . A farmer's attitude towards risk and his/her perception of risk on the profitability of new technologies all influence adoption decisions (Ghadim and Pannell 1999) .
Capital availability
The shortage of capital required to finance new agricultural technologies is a major constraint in the adoption of such technologies (Feder et al. 1985; Feder and Umali 1993; Mahapatra and Mitchell 2001) . Capital can originate from a farmer's savings or from his/her credit (Feder et al. 1990 ).
Lack of access to cash or credit may constrain farmers from adopting technologies that require initial investments (Doss 2006) . Sources of credit may include monetary institutions (either formal or informal), relatives, friends, and rich farmers. However, in many rural areas, credit markets do not function properly (Feder et al. 1990) , thereby resulting in a lack of credit. However, it has also been argued that this lack of credit alone does not inhibit the adoption of new technology which is scale-neutral. The profitability of high-yielding crop varieties (HYVs) will induce even small farmers to mobilise the relatively small cash requirements for necessary inputs. Other studies have found that a lack of credit does significantly limit the adoption of HYV technology, even where fixed costs are not high. Off-farm income sources may be viewed as an alternative to overcome cash or credit constraints and may enable farmers to invest in new technology.
Labour availability
Shortages of family labour have been used to explain the non-adoption of HYVs in India; meanwhile, the higher rural labour supply has been associated with greater levels of adoption of labour-intensive rice varieties in Taiwan (Bos 1998) . For example, ox cultivation technology is labour-saving, and thus, its adoption might be encouraged by labour shortage. However, HYV technology generally requires more labour inputs, and so labour shortages may prevent adoption.
Labour availability is another often mentioned variable affecting farmers' decisions about adopting new agricultural practices or inputs (Feder et al. 1985) . Some new technologies are relatively labour-saving, while others are labour-intensive (Feder et al. 1985; Doss 2006) . For example, a shortage of labour was found to be a constraint in the adoption of agroforestry in Java and Nigeria, while in Mexico, a serious shortage of labour motivated landowners to adopt new technologies (Van der Poel and Van Dijk 1987; Francis and Atta-krah 1989) . When local labour markets are functioning properly, farmers can hire labour as needed. When these markets are not functional, households must supply their own labour for farm activities, and so they may choose not to adopt technologies that would require more labour at any specific time than the household can provide. Therefore, a farm household with a large number of active members is more likely to be in a position to test and then adopt potentially profitable new technology (Kebede et al. 1990; Ghadim and Pannell 1999) .
Land ownership
Many empirical studies have focused on the link between land ownership and access to credit, as ownership of land is often thought to be a prerequisite for obtaining credit. In Ethiopia, farmers must own at least 0.5 ha of maize fields to participate in the maize credit scheme (Doss 2006) . Feder and Nishio (1999) have clearly established the difference in economic performance between titled and untitled farmers. Per unit of used land, titled farmers invest more in land, use more inputs and generate higher levels of output than untitled farmers. It is generally held that tenants of farmland are less likely to invest in conservation practices (Feder and Umali 1993) . Tenge et al. (2004) have found that households with borrowed and rented land do not apply any SWC measures to their fields. However, Lee and Stewart (1983) found that tenants are more likely to use conservation tillage than full owners. In northern areas of Honduras, Neill and Lee (2001) have demonstrated that land ownership increases the likelihood of using soil protection measures in general and that land security is positively and significantly associated with hedgerow adoption in particular. Sakurai (2006) has shown that investment in water supply canals for rice cultivation is influenced by the security of land tenure in western Africa.
Several studies have argued that tenure arrangement may play an important role in adoption decisions, but the subject remains riddled with considerable controversy (Feder et al 1985; Neill and Lee 2001) . The literature distinguishes two types of land use by farmers, namely, formal entitling or various informal usufructuary arrangements (Neill and Lee 2001) . Land registration has been shown to enhance tenure security and land titles improve economic performance mostly by facilitating access to institutional credit (Feder and Nishio 1999) . Furthermore, in the Imo State of Nigeria, insecurity of land tenure increases the risks for farmers and, therefore, may decrease their adoption of new technologies (Onu 2005) .
Materials and methods

Area of study
Research for this study was conducted in Umutara, a former province, located in the northeast of Rwanda at 30°20′ eastern longitude and 1°20′ southern latitude with an altitude between 1,000 and 1,500 m ( Fig. 1) and belonging almost entirely to the driest agro-climatic region in the country. Annual rainfall in the province ranges from 800-1,000 mm with a bimodal rainfall distribution. The temperature doesn't vary much throughout the year with an average of 20.0°C. Umutara has an area of 4,312 km 2 . Umutara has some 420,000 inhabitants of which 98% live in rural areas. Most of the population of Umutara is newly settled. After the genocide ended in 1994, many Rwandan refugees that had left in 1959 and 1973, after earlier clashes, returned from Tanzania and Uganda. They brought herds of cattle with them as Umutara was chosen for resettlement because of the abundance of potential grazing land. Many of these former refugees maintained trade links with acquaintances in neighbouring former host countries. In the context of Umutara, a household is principally defined as a nuclear family consisting of father, mother and children. In some households, relatives, particularly orphans who lost their parents during the genocide or from HIV, have been adopted into nuclear families. A study conducted by Mowo et al. (2006) in a small traditional area within Umutara reports an average size of household of 7 persons. Land holdings per household range from 0.25 to 2.0 ha. Land is generally owned by the farmer, while after his death, the widow becomes the land owner.
The main source of income is the sale of crop and livestock products. Additional sources include craft work, construction and masonry and casual labour to other farmers. Informal trade is an important source of income for the farm household. Households spend income on medical services, self-sustenance, clothing and leisure. The expenditures on leisure are higher for men than for women. A wide range of crops is grown mainly for subsistence purposes. Mixed cropping is common. The choice of crops is dictated by climatic conditions, the availability of market outlets and the ease of crop management. Maize, beans, cassava, and bananas are the most important crops. The use of inorganic fertilisers is rare due to their limited availability and high prices. Because of the importance of animal husbandry in the area, organic manure is used to a large extent to fertilise various crops (Mowo et al. 2006 ).
Data collection
In 2004 and 2005, data were collected in the Umutara province by the National Institute of Statistics of Rwanda, using a national agricultural farm survey. The farm survey covered two rainy seasons, the first season falling in the year 2004 (July-December) and the second one in the year 2005 (January-June). For the purpose of the survey, Umutara was divided into eight census zones (zones de dénombrement), with 12 farm households randomly selected in each zone. Householdlevel data on the 96 households were recorded using a structured questionnaire. Both qualitative and quantitative information was collected on a total of 100 variables, including socio-economic characteristics, farm characteristics, resource availability and technological options. In addition, a small survey was conducted in 2006 using informal interviews on the characteristics of farm households, new technology adoption, production orientation, access to markets and credit, pricing and major constraints to farming. This latter survey provided more details and background information about farming in the region and it supports the results from the national farm survey (Bidogeza 2007) .
On the basis of the review of the major factors influencing adoption of new technology (section 2), 23 variables were selected to construct a typology of farm households. The descriptive statistics of these variables are shown in Table 1 .
Farm size (ha) is considered one of the most important factors in the adoption of new technologies. Households with small holdings may farm land more intensively to meet subsistence needs. Large farms may have a greater capacity to adopt new technology. Education is expressed as three variables, i.e., literacy of the head of household, education level of the head of household and the number of educated household members who have completed primary school. Literacy indicates the ability to write and to read, while level of education indicates whether primary school has been completed. Off-farm activities and crops per season are considered proxies for the risk perceptions and risk attitude of farm households. Off-farm activities may be viewed as a way to avoid risk and uncertainty associated with farming, while risk-averse farmers have a tendency to plant more crops to reduce risk. Source of income is expressed in terms of returns from crop and livestock and the number of household members working off-farm. Cash is required for initial investments in many new agricultural technologies. Labour availability is expressed in the number of on-farm household members.
The ownership variable distinguishes between farm households that own land and those that rent land. For a household, being headed by a male versus a female might affect the adoption of new technology as femaleheaded households have limited access to information on new technology and to other resources due to traditional social barriers (Tenge et al. 2004) . The age of the household head might affect the adoption of new technology as young people have a long time horizon, Fig. 1 Location of the Umutara province in Rwanda which positively impacts investments in new technology, while older farmers with a lengthy experience in farming might be conservative, thereby favouring the continuation of traditional ways. Family size may positively affect adoption decisions by releasing labour needed for farming. Large families may encourage investments in new technology in order to produce enough food. Moreover, family size may affect the family income generated in off-farm work. However, large farm households may also be more risk averse (Oude Lansink et al. 2001 ) as they may have more dependent members, including young children and/ or physically disabled individuals.
The technologies considered in this study may be grouped into two categories. The first category includes technologies with low initial investment costs, such as fallow, manure, compost, green manure and mulching. These are coded as dummy variables that are allotted a value of 1 if the particular technology is applied by the farm household and 0 if it is not (Table 1 ). The selection of these technologies is motivated by their affordability and capacity to sustain land use. In the light of declining yields and lack of alternatives, Rwanda farmers, especially those with small households, still consider these technologies as options (Fleskens 2007) . The second category includes technologies with high initial investment costs, such as improved crop varieties, mineral fertiliser, SWC measures and improved livestock. (Lattin et al. 2005; Field 2005) .
Variables selected were used to construct factors using PCA. Factors were rotated using orthogonal rotation (varimax method), whereby the method tries to load a smaller number of highly-correlated variables onto each factor, resulting in easier interpretation (Field 2005) . In accordance with Kaiser's criterion, all factors exceeding an eigenvalue of one were retained. Kaiser's criterion is accurate when the number of variables is less than 30 (Field 2005) , which is the case for our data set. This approach should allow a large part of the total information to be concentrated in a small number of uncorrelated variables.
Next, factors retained from PCA were used in CA. CA seeks to typify entities (that is, farm households) M = (M1, M2, M3…) according to their (dis)similarity in terms of their attributes represented by selected variables N = (N1, N2, N3…) (Alfenderfer and Blashfield 1984; Gebauer 1987; Everitt 1993) . Entities within a certain group or cluster should be very similar to each other, and entities belonging to different classes should be very dissimilar.
As no single objective procedure is available to determine the most suitable number of clusters, two clustering methods were used in order to ensure the stability of clusters, that is, the hierarchical method and the partitioning method (Hair et al. 2006 ). In the hierarchical method, the k-cluster solution is formed by joining together two clusters from the k + 1 cluster solution, while the partitioning method separates the observations into a given number of clusters (Lattin et al. 2005 ) .
Retained factors from PCA were used in CA using Ward's hierarchical procedure (Alfenderfer and Blashfield 1984) . Ward's method minimises the variance within clusters and tends to find clusters of relatively equal sizes (Kobrich et al. 2003) . The numbers of clusters retained from Ward's method were used as starting values in the partitioning clustering method, i.e. the K-means method; accordingly, the number of clusters that seemed most realistic and meaningful was chosen for the final solution. Information from the dendogram, which results from the Ward's method, and expert knowledge of farming in the area (GoR 2002b) were employed to select an optimal number of clusters. A dendogram is a graphical representation of the hierarchy of nested cluster solutions. In addition to CA, a one-way analysis of variance test (that is, Levene's test) was performed. The test allows us to identify the differences in variance between clusters (Field 2005) . Thus, the variables that bring about the largest differences between clusters could be identified.
Results and discussion
The KMO test and the Bartlett sphericity test were performed to check whether the dataset of 96 farm households and 23 variables could be factored. Results from both tests show that the overall KMO test was greater than 0.5, which is the lower threshold (0.545), while Bartlett's sphericity test was highly significant (p<0.001). Hence, the variables under study are related, justifying some form of factoring.
Principal component analysis results
In total, 23 variables were included in PCA (Table 1) , of which 9 principal components with eigenvalues greater than 1 have been retained for further analysis (Table 2 ). These 9 variables explain 72% of the total variability. Looking at each column of Table 2 , it is possible to define each component according to the variables with which it is most strongly associated. To make it easier to identify relatively large loadings, correlations above 0.4 are in bold. The first component (F1), which explains 12% of variance, is positively correlated with literacy, level of education and the number of educated family members. Thus, F1 represents the overall education level.
The second (F2) and third (F3) components are almost as important as the first component, each explaining 11% of variance. The second component is mostly related to family size, the number of educated family members and on-farm family members. This implies that farm households with large families are those that have more on-farm and educated family members. This component could be referred to as family size. The third component (F3) is strongly correlated with returns per hectare and the use of fertilisers. Hence, the adoption of mineral fertilisers results in high returns.
The fourth (F4) and fifth components (F5) explain 9% and 8% of the variance, respectively. F4 is positively related to offfarm activities and family members off-farm. This component could be referred as to as off-farm activity. The fifth component is defined mainly by SWC measures with which the gender and age of the head of household are positively and negatively correlated, respectively i.e. households headed by young males are most likely to apply SWC measures. 
Cluster analysis results
First, the nine components were analysed using Ward's technique. The dendogram, resulting from this technique, illustrates the sequence in which farm households were merged into the clusters and includes four cutting lines (Fig. 2) . A key issue in generating such diagrams is where to 'cut' the tree in order to arrive at an appropriate number of clusters which best fit the data set. Shifting the cutting line to the right (that is, from A to B in Fig. 2 ) reduces the number of clusters to nine. A further shift to the right, i.e., towards lines C and D, creates seven and five clusters, respectively. Cutting line A creates clusters that are generally not acceptable and should be eliminated as the number of their constituents is too small (Hair et al 2006) . Thus, the numbers of clusters provided by cutting lines B, C and D (that is, nine, seven and five clusters, respectively) were drawn from the dendogram for use in the partitioning cluster method. The number of retained clusters must be realistic with respect to the empirical situation in order to be accepted as a meaningful classification. Following that line of reasoning, nine clusters based on the partitioning method were defined as appropriate as these seem to be most representative of farm A B C D Farm Household numbers households within the Umutara province. They contained three single clusters and one paired cluster, which were discarded, as it was considered that these farms were too different from the rest of the sample and thus could be considered as outliers. Differences concerned high input levels of improved seed, fertilisers and pesticides.
The remaining five clusters appeared to represent the real situation based on information from our field work conducted from 2006. Results obtained from the five clusters are reported in Table 3 , which shows the pvalues for a one-way analysis of variance for each variable (equality of group means). The more distinct a variable value is among groups, the lower is the p-value.
Given the established typology, we ask: what are the characteristics differentiating the five clusters? Judging from the p-values (Table 3) , factors such as gender, age, literacy, level of education, off-farm activity, number of off-farm family members, tenure and farm size seem to be significant in differentiating the clusters. As this is also true for all technological attributes except pesticides (Table 3) , this indicates that appropriate variables were chosen to construct this adoption-based typology. Cluster I, which accounts for 26% of farm households, is dissociated from the others due to its having the strongest discriminating power for the gender of the household head variable. Thus, cluster I comprises mainly households headed by females, i.e., either widows due to the genocide or natural death or those with husbands in prison due to suspected participation in the genocide. Furthermore, the cluster has relatively few off-farm activities but relatively high returns per hectare. In this cluster, we find above-average use of compost, green manure and improved seed. Adopting relatively cheap inputs such as compost and green manure as found in the cluster I, seems to endorse the findings of Kharwara et al. (1991) and Doss and Morris (2001) , which demonstrate that constraints faced by female-headed households, such as low level of education and small farm size, prevent the adoption of costly technologies such as chemical fertilisers, which also require technical knowledge.
Cluster II comprises 7% of farm households. The tenure variable has high discriminating power in distinguishing cluster II from other clusters. Farm households in this cluster are landless; rather, they are land tenants. Moreover, the cluster has the smallest farm size, with an average of 0.3 ha. However, high returns and high labour use per hectare are observed in this cluster. Farm households farm intensively with a relatively high use of green manure. Green manure is an effective way of improving soil fertility and it is a labour-intensive technology (Ndiaye and Sofranko 1994; Drechsel and Reck 1998) . Thus, affordability and labour availability are reasons that farm households of this cluster adopted this technology, as the small area and the insecurity of land tenure prevent them from adopting other technologies. Overexploitation of land through high labour use and the low level of inputs (only green manure) could lead to the exhaustion of soil fertility, resulting in gradually declining returns per hectare.
For cluster III, which comprises 31% of farm households, the main distinguishing features include gender, age and education level of the household head. Farm households in this cluster are headed by young men (31 years old on average) with more education than those in other clusters. In these households, costly technologies, such as improved seeds and chemical fertilisers, have been adopted at a rate of adoption above the mean across clusters. Households headed by young, educated males are more likely to adopt new technologies, especially those that require information and an effective combination of inputs. Off-farm activities are also important, but they do not distinguish cluster III from clusters I, II, and IV. This could indicate that farm households classified in cluster III have relatively more economic options, which allows them to use capital-intensive technologies.
Cluster IV, which comprises 18% of households, represents farm households with a high level of illiteracy and little engagement in off-farm activities.
Moreover, these farm households are characterised by a relatively high labour to land ratio as compared to clusters I, III, and IV. Farm households farm with a relatively intensive use of fallow, manure and SWC measures. Thus, illiteracy and a lack of off-farm activities as a source of additional income prevent farm households from adopting costly technologies, such as improved seed, chemical fertilisers and improved livestock. The cluster shows the highest SWC measures, which suggest that the adoption of labour-demanding technology reflects the relatively high availability of labour in this cluster.
Cluster V includes 17% of farm households, and it is characterised by a large farm size, with an average of 6.43 ha, as well as a large number of household members working outside the farm. These farms have adopted improved livestock but almost no other technology.
It seems that farm households classified into this cluster have devoted their farm to pasturing. The returns per hectare in this cluster are lowest among all clusters; in fact, they are one-sixth of the returns per hectare of cluster II.
Conclusions and policy implications
A multivariate analysis approach that combines PCA and CA allows us to clearly identify five typical farm households within the Umutara province with respect to the adoption of new technology, using socio-economic factors. The data on 23 variables from 96 farm households were evaluated by multivariate statistical methods. Principal component analysis identified 9 factors that accounted for over 72% of variance in the original 23 variables. These nine factors were used in cluster analysis to typify farm households. Results from cluster analysis led to the identification of five farm types. The first type is characterised by female-headed households with a relatively high use of compost, green manure, and improved seeds. The second type represents tenants with small farms, high returns per hectare, and a relatively high degree of labour use per hectare. These farmers intensify farming through the use of green manure. The third type represents households headed by relatively young and literate males that intensively farm using chemical fertilisers and improved seeds. The fourth type represents illiterate and full-time farmers. The technologies they use most are fallow, manure, and SWC. The fifth type represents large farms with improved livestock, which have the lowest returns per hectare. The only technology adopted within this cluster is improved livestock.
Statistical testing showed that the discriminating power of most of the variables mentioned in section 2 and of the variables representing technology use is high. This indicates that the typology constructed can be useful to explore the adoption of new technologies.
The low returns per hectare on the large farms of cluster V are in the line with several studies on Rwanda that report that some residents in the former Umutara province are acquiring land for the purpose of speculation rather than for agricultural production (Musahara and Huggins 2004; Pottier 2006) . Given the much higher returns per hectare and the willingness to use low-cost technologies to maintain and improve soil fertility of the smaller farms, a policy to redistribute land in favour of smaller farms may address this situation.
The study has underlined the heterogeneity of farm households with regards to the current use and the determinants of future use of new technologies. As some types of farms have better possibilities for adopting technologies than others, extension messages and policies should be more focused on specific groups, such as these five farm types.
From this study, it can be concluded that multivariate statistical techniques such as PCA and CA are suitable tools for identifying important socio-economic characteristics of typical farm households that underlie the adoption of new technology. Differentiation of typical farms should help in the construction of mathematical programming models on the basis of typical farm households, which is the next step in terms of further research.
